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INTRODUCTION
Wheat (Triticum aestivum L.) is a staple food source for about 30% of the human population. Since its origin ca. 8000 BC (Willcox, 1998) , wheat has been subjected to intense selection to develop high-yielding varieties that can adapt to diverse environmental and agricultural practices (Dubcovsky and Dvorak, 2007) . Wheat has been cultivated in China for more than four millennia and is now grown in 10 major agro-ecological zones based on their different types, growing seasons, and varietal responses to temperature and photoperiod (He and Huang, 2001; Zhuang, 2003; Hao et al., 2008) . Due to a long period of cultivation and artificial selection, wheat landraces have evolved from their wild progenitors and are characterized by early maturity, a high number of kernels per spikelet, good adaptation to local environments, and resistance/tolerance to biotic and abiotic stresses (He and Huang, 2001; Zhuang, 2003; Hao et al., 2008) . Therefore, an analysis of the genetic diversity of landraces could provide important insights and information on wheat breeding.
Although conventional breeding has substantially facilitated the improvement of wheat varieties, it is time-consuming and has low efficiency and predictability owing to linkage drag and the low recombination frequency of genes (Holland, 2007) . Marker-assisted selection (MAS) is considered to be an excellent approach for crop precision breeding, as it improves breeding efficiency and predictability, and thus accelerates breeding progress (Collard and Mackill, 2008) .With the rapid development of next-generation sequencing (NGS) and high-density marker genotyping techniques, genome-wide association study (GWAS) has become an increasingly popular and efficient method for identifying genes responsible for the quantitative variation of complex traits (Zhu et al., 2008) , which should be helpful in developing valuable genetic markers and performing molecular crop breeding. GWAS has been widely used for studying complex traits in various plant species such as Arabidopsis (Atwell et al., 2010; Bac Molenaar et al., 2015) , rice Zhou et al., 2016) , maize (Li et al., 2013; Yang et al., 2014) , Aegilops tauschii (Liu et al., 2015a,b; Qin et al., 2016) , and wheat Arruda et al., 2015; Maccaferri et al., 2015; Sukumaran et al., 2015; Gao et al., 2016) . Progress in NGS has reduced the cost of DNA sequencing, thereby facilitating the genotyping-by-sequencing (GBS) of highly diverse species with large genome sizes (Elshire et al., 2011) . GBS is a rapid and low-cost tool to genotype populations for GWAS. Diversity Arrays Technology Pvt. Ltd (DArT P/L, Canberra, Australia) developed the GBS platform of DArTseq, which allows for the selection of genome fractions that predominantly correspond to active genes. DArT-seq has been successfully applied in previous studies of wheat (Saint et al., 2016; Vikram et al., 2016) .
In this study, we performed a GWAS for 23 agronomic traits using 52 303 DArT-seq markers in a core panel of 723 landraces originated from 10 agro-ecological zones in China, with the aim of identifying significant markers and candidate genes or flanking markers for loci associated with specific agronomic traits. Furthermore, discriminant function and cluster analyses were conducted to dissect population classifications using the phenotypic data. The results of the present study provide valuable information to better understand the underlying genetic mechanism of the 23 complex agronomic traits and further establish an MAS system for wheat breeding programs.
RESULTS

Molecular markers, population structure, and kinship
The core collection of wheat landraces in China is composed of 723 accessions from 10 agro-ecological zones. In total, 52 303 polymorphism markers were obtained for the 723 accessions with missing values of ≤10% and minor allele frequency (MAF) of ≥5%. Of these markers, 25 439 were mapped on the wheat consensus map version 3.0 (http://www.diversityarrays.com/sequence-maps). Of these, 9576, 12 111 and 3752 markers were mapped onto the A, B, and D subgenomes, respectively (Table S1 ). The total map length was 5977.88 centimorgan (cM), and the average marker density for the three subgenomes was 0.22 cM, 0.16 cM, and 0.51 cM, respectively. Information on the number of markers, map length, and marker density for each chromosome (Chr.) is presented in Table 1 . Chr. 2B contained the largest number of markers (2558) and showed the highest marker density (one marker per 0.08 cM), whereas Chr. 4D contained the smallest number of markers (99) and showed the lowest marker density (one marker per 1.88 cM). The average value of the polymorphism information content (PIC) for the 52 303 biallelic polymorphic markers was 0.31, ranging from 0.10 to 0.50 (Table S1 and Figure S1a ).
Based on that the highest delta K-value representing genetic clusters revealed by STRUCTURE 2.3.4 was 5 using the 52 303 polymorphic markers, the 723 accessions were divided into five subgroups (Gp1, Gp2, Gp3, Gp4, and Gp5). Gp1, Gp2, and Gp3 contained 208, 176, and 130 accessions, respectively, and they were predominantly winter genotypes. Gp4 contained 119 accessions and they were mainly spring genotypes. Gp5 consisted of both spring and winter wheat and it contained 90 accessions. Based on the Chinese agro-ecological zones (CAEZs), the wheat accessions in Gp1 mainly originated from the Northern Winter Wheat Zone and the Yellow and Huai River Valleys Facultative Wheat Zone, whereas those in Gp2, Gp3, Gp4, and Gp5 mainly originated from 2, 3, 4, and five different CAEZs, respectively (Table S2 ). Kinship coefficients calculated by TASSEL 3.0 using the 52 303 polymorphic markers for the 723 accessions ranged from 0 to 0.86 with an average of 0.23. However, kinship coefficients between two accessions in the same subgroup (ranging from 0 to 0.86 with an average of 0.35) were higher than those between different subgroups (ranging from 0 to 0.63 with an average of 0.19). This difference indicated the strong relationship within subgroups but weak relationship between subgroups ( Figure S2 ). PICs were also calculated Figure S1b -f.
Linkage disequilibrium (LD) decay across the wheat genome
The extent of LD was estimated using 9576, 12 111, and 3752 loci from the A, B, and D subgenomes, respectively (Table S3 ). In the whole genome, 50.28% of pairwise DArTseq markers had a significant LD (P < 0.001), and 40.80% of significant pairwise markers had an r 2 > 0. 20 cM) and lowest in the B subgenome (approximately 10 cM). The average LD decay distance for the whole genome was approximately 15 cM.
Phenotypic variation and diversity
Significant variation (P < 0.001) was identified among the 723 accessions for all of the 23 agronomic traits in each of the environments (Table 2 ). The detected variation in the 23 traits from these accessions was confirmed by the values of range, standard deviation, and coefficient of variation (Tables 3 and S4 ). Phenotypic variation based on the best linear unbiased prediction (BLUP) values was also validated by the phenotypic distributions ( Figure S3 ). Medium to high heritability estimates were obtained for each trait, ranging from 0.43 to 0.98 (Table 3) . Twelve of the agronomic traits (maturity and most plant morphological traits) exhibited relatively high heritability (0.81-0.98), nine (most grain morphological and yield-related traits) had moderate heritability (0.54-0.77), and the remaining two grain morphological traits had low heritability (0.43-0.48) ( Table 3 ). The Shannon-Weaver diversity index (H 0 ) values ranged from 0.60 to 1.07, with an average of 0.82 for the 23 traits (Table 3) . The highest average H 0 values were observed in Gp 5 (spring and winter wheat; 0.85), which was followed by Gp 4 (spring wheat; 0.82), while the lowest values were observed in Gp 2 (0.62) with winter wheat (Table 3) . Moreover, most traits in Gps 4 and 5 exhibited the higher H 0 values than those in other subgroups or among all lines assessed. These results indicate that spring accessions may have a wider range of diversity than winter ones.
The Pearson's correlation coefficients based on BLUP values for the 23 agronomic traits ranged from 0.004 to 0.981 (Table S5 ). Flowering date (FD) was significantly correlated with most of the agronomic traits, except for awn type (AT), flag leaf angle (FLA), flag leaf length (FLL), and plant height (PH). Heading date (HD) was also significantly correlated with most of the agronomic traits, except for AT, FLA, and PH (Table S5 ). Additionally, FD and HD were positively correlated only with grain width: length ratio (GR), spike number (SN), and tiller number (TN).
A principal component analysis was performed on the 23 traits from the 723 landraces. Approximately 79.20% of the total variation observed in the tested accessions was explained by the first seven principal components (PCs) (Table S6) . A total of 12 traits (including five grain morphological traits, three yield-related traits, two maturity traits, and two plant morphological trait) contributed approximately 30.20% of the total variation in the first PC. For the second PC, the variation was mainly attributed to GR and PH, with 14.86% of the phenotypic variation explained (PVE). Variation in the third PC was mainly contributed by spike length (SL) and its highly-correlated traits FLL and SN, with a PVE of 9.09%. The remaining four PCs explained 8.58, 6.44, 5.38, and 4.65% of the phenotypic variation, respectively.
Phenotypic classification
In order to gain further insight into the population classification and diversity, two cluster analyses were performed using phenotypic data of the 23 agronomic traits. They were then compared with the five subgroups (Gp1, Gp2, Gp3, Gp4, and Gp5) generated by STRUCTURE using the genotypic data. A discriminant function analysis (Fisher's method) based on the squared Mahalanobis distance placed the 723 accessions into five clusters containing 215, 173, 133, 117, and 85 accessions, respectively. Comparing the five phenotypic clusters to each of the five genotypic classifications (Gps 1-5), 89.90, 82.95, 76.92, 89.92, and 72 .22% of the accessions were shared between the clusters and the subgroups, respectively (Tables 4 and S7 ). Overall, 605 (83.70%) of the accessions shared the same phenotypic and genotypic classifications. When Ward's method of cluster analysis based on squared Euclidean distance matrix was exploited, the 723 accessions were also divided into five clusters containing 101, 332, 153, 88, and 49 accessions, respectively. These clusters displayed a lower level of consistency in comparison to the genotypic classification (Tables 4 and S2 ).
Loci significantly associated with agronomic traits
With the use of 52 303 polymorphic markers (missing rate ≤10% and MAF ≥5%), a GWAS was performed on the 23 agronomic traits based on the general linear model (GLM) and the mixed linear model (MLM). The Bonferroni-corrected threshold (a = 1, Àlog 10 (P) ≥ 4.72) was used to identify significant marker-trait associations (MTAs) (Yang were detected for the 23 traits by GLM, where the PVE for each DArT-seq marker ranged from 1.01 to 22.10% (Table S8 ). In total, 447 significant markers were detected for the 23 traits by MLM, with PVEs ranging from 2.60 to 13.98% (Table S8 ). Of these, 376 significant markers were detected by both models for 22 of the traits, with PH as the only exception (Table S8) . Of the significant markers detected by both models in all environments, the highest number of markers was detected for AT (82), which was followed by grain volume (GV) (40), thousand kernel weight (TKW) (32), flag leaf width (FLW) (31), and grain surface area (GSA) (28). Fewer than 10 significant markers were detected for grain number per spike (GNPS), SL, GR, seedling habits (SH), FLL, and FLW: length ratio (FLR) ( Table S8) . Using BLUP values, 9385 significant markers were identified by GLM for the 23 traits, with PVEs ranging from 1.20 to 20.64% (Tables 5 and S9 and Figure S3 ). In total, 190 significant markers were detected by MLM for the 23 agronomic traits, with PVEs ranging from 2.51 to 11.87% (Tables 5 and S9 and Figure S3 ). Of these, 149 significant markers were identified by both models for 21 of the traits, with PH and TN being the exception (Table 5 ).
Comparing the results of the MTAs using phenotypic data from different environments and the BLUP data, all significant markers detected in more than two environments were also detected using the BLUP data. For example, the significant marker A19722, associated with SN on Chr. 7A, was detected in five environments and was also detected using the BLUP data (Table S9 and Figure 2 ). The significant markers B20821 and B20822, associated with SN on Chr. 7A, were detected in three environments and were also detected using the BLUP data (Table S9 and Figure 2 ).
Due to the absence of environmental effects, the MTAs identified using the BLUP data were more stable (Piepho et al., 2008) . Thus, the MTAs detected by both models using the BLUP values were detailed as follows and used for further analyses. For grain morphological traits, 15 significant markers were detected by both models. Of these traits, six, four, four, three, one, and one of the markers were involved in grain length (GL), grain width (GW), GV, GSA, grain circumference (GC), and GR, respectively. For maturity traits, 16 significant markers were detected by both models. Of these, 14 and 13 markers were associated with FD and HD, respectively. In total, 100 significant markers were detected for all plant morphological traits, with the exception of PH. Of these markers, 69, eight, seven, seven, three, three, two, and one were significantly associated with AT, FLW, peduncle length (PDL), SH, FLL, SL, FLR, and FLA, respectively. For yield-related traits, 26 significant markers were detected for all traits except for TN. Of these, 10, eight, seven, one, and one markers were involved in TKW, kernel weight per spike (KWPS), SN (Figure 2) , GNPS, and grain yield per plant (GYP), respectively. According to the lowest distance of LD decay (10 cM in the B subgenome) in the 723 accessions, significant markers within 10 cM were combined as a single QTL. As a result, 29 QTL for 15 agronomic traits were identified (Table S9 ).
Candidate genes that may be linked to agronomic traits
The 149 significant markers detected based on BLUP data were used to identify putative candidate genes. After extending each marker sequence to 5 kb using sequence contigs from the International Wheat Genome Sequencing Consortium database (IWGSC), 30 significantly extended marker sequences were used for candidate gene mining. Based on the wheat consensus map version 3.0, the 30 significant markers associated with AT, FD, FLL, FLR, FLW, GL, GNPS, GSA, GV, GW, HD, SN, and TKW were located on Chrs. 1D, 2A, 3A, 3D, 4A, 5B, and 6B, respectively (Table S10 ). In total, 25 putative candidate genes involved in enzymes, hormone-response, disease resistance, and response-regulators were identified (Table S10 ). Some of these have been previously reported with known functions. For example, the candidate genes VRN-B1, vrn-B3, Ppd, and PRR for FD, HD, or both have been previously verified in wheat (Yan et al., 2004 (Yan et al., , 2006 Fu et al., 2005; Keilwagen et al., 2014) . Another candidate gene ERF1 for FD and HD could decay flowering in tobacco, while an ERF orthologue (ERF96) has been shown to delay flowering in Arabidopsis (Soitamo et al., 2011; Wang et al., 2015) .
Pleiotropic and multigenic effects revealed by GWAS
Sixteen of the markers assessed were found to be associated with more than one trait each based on GWAS. Of these, 11 were significantly associated with both FD and HD (Table S9 ). Eight of these 11 markers were also significantly associated with other agronomic traits. For instance, marker A8479 (located on Chr. 3A at 87.55 cM) was not only significantly associated with FD and HD, but also with TKW and SN. Pleiotropic effects were also supported by correlations between agronomic traits. All pairs of agronomic traits that were significantly associated with a given marker were also significantly correlated, with the exception of FLL (Tables S5 and S9 ). Multigenic effects were also observed in this study, where each of the agronomic traits AT, FD, FLL, FLW, GL, HD, KWPS, PDL, SH, SN, and TKW was significantly associated with multi-markers (Table S9) .
DISCUSSION
Wheat has a history that dates back to more than 4000 years in China, and it is now can be found in 10 of the major CAEZs (Zhuang, 2003; Hao et al., 2008) . Wheat improvement was based on selection from landraces in the early days, which was followed by crossing between landraces and introduced varieties (Hao et al., 2011) . Modern wheat improvement is heavily based on crosses between elite varieties (He and Huang, 2001; Zhuang, 2003; Hao et al., 2011) . Chinese wheat landraces are the basis of wheat improvement and are characterized by early maturity, a high number of kernels per spikelet, good adaptation to local environments, and resistance/tolerance to abiotic stresses (He and Huang, 2001) . 'Chinese Spring', a well known landrace originated from China, has been used as the international reference in wheat studies and in the generation of wheat reference genome (IWGSC, http://www. wheatgenome.org/). Compared with modern varieties, landraces exhibited higher genetic diversity, larger numbers of alleles and rare variants or potentially new alleles (Hao et al., 2011) . Thus, the dissection of the genetic architecture underlying complex agronomic traits among large number of wheat landraces is helpful to improve the utilization of these germplasms, and to provide a foundation for MAS in wheat breeding programs. In this study, we evaluated 23 agronomic traits in a core collection of 723 landraces of wheat from 10 CAZEs. Significant variation for each of these traits was observed between the landraces, as well as between the tested environments. The H 0 values displayed the highest degree of diversity in this population, and they were similar to the diversity of Ethiopian wheat landraces (Bechere et al., 1996) . Compared with the winter wheat landraces, the spring ones exhibited an even higher degree of diversity. The average PIC value (0.31) obtained in this study among the landraces showed a high degree of overall diversity. It was similar to those reported in previous studies (W€ urschum et al., 2013; Lopes et al., 2015; Tadesse et al., 2015) . Gp5 of the genotypic classifications had the highest mean H' (0.85) and PIC values (0.32), while Gp2 had the lowest mean H 0 (0.62) and PIC values (0.22). Genetic diversity revealed by the H 0 using the phenotypic data was similar to the diversity observed in the PIC analysis using the genotypic data. Half of the 23 traits assessed in this study had high heritability, whereas most of the traits were correlated with FD or HD as a result of pleiotropy (Tables 3 and S5 ). Most agronomic traits were significantly (P < 0.01) correlated with geographic variables, suggesting that the adaptation of landraces was partly affected by environmental conditions. Both altitude and latitude were positively correlated with FD and HD (Table S5) , which could be explained by the delayed flowering at northern region owing to vernalization and longer day lengths in the spring. This phenomenon was also observed in Arabidopsis (Hancock et al., 2011) . Population structure is one of the most important factors that influences LD (Flint-Garcia et al., 2003) . The presence of population stratification can result in nonfunctional, spurious associations (Knowler et al., 1988) . In this study, the 723 accessions were divided into five subgroups by STRUCTURE using genotypic data. Subsequently, we compared the population classification using a discriminant analysis (Fisher's method) and a cluster analysis (Ward's method) based on the phenotypic data. The results indicated that 83.70% and 47.60% accessions from discriminant and cluster analysis were shared with the genotypic classification, respectively (Table 4) . Similar result have been reported based on phenotypic data in Aegilops tauschii . The discriminant analysis (based on the squared Mahalanobis distance) considers the correlations between phenotypic traits, while the cluster analysis (based on the squared Euclidean distance) considers the differences to be equal (De Maesschalck et al., 2000; Huttegger and Mitteroecker, 2011; Mitteroecker and Bookstein, 2011) . In our study, the population classification revealed by the discriminant analysis resulted in a higher level of consistency with the genotypic classification than the cluster analysis.
The GWAS analysis identified a total of 149 significant markers associated with 21 of the 23 agronomic traits assessed. Of these, 71 were located on Chrs. 1B, 1D, 2A, 2B, 3A, 3B, 3D, 4A, 4B, 5A, 5B, 5D, 6B, 6D, 7A, and 7B based on the wheat consensus map version 3.0 (Table S10 and Figure S3 ). Recently, a large number of QTL for agronomic traits were identified using linkage mapping and association mapping in wheat. Comparing the QTL detected in our study with those reported previously based on the wheat consensus map version 3.0 found five shared loci (Pinto et al., 2010; Bennett et al., 2012; Wang et al., 2012; Edae et al., 2014; Maccaferri et al., 2014; Yu et al., 2014; Zhang et al., 2014) . They include (1) the locus at 70.14 cM (marker A12760) on Chr. 4B for TKW. This locus had been reported by several groups (Pinto et al., 2010; Wang et al., 2012; Yu et al., 2014) . (2) The locus significant associated with markers B4169 and B4170 (at 131.26 cM) on Chr. 2A for TKW. This locus seems to share the same location with the one flanked by wPt-5498 (120.25 cM) and wPt-664128 (123.07 cM) as detected by linkage mapping . (3) The locus flanked by markers B15008 (at 48.60 cM) and A14332 (at 55.28 cM) for FLW on Chr. 5B. This locus is likely the same as the one linked significantly with the marker wPt-4996 at 53.76 cM as reported by Edae et al. (2014) . (4) The locus associated significantly with the marker B11217 located at 272.50 cM on Chr. 3B. This is likely the locus flanked by markers wpt-8021 (264.00 cM) and gwm0014b as reported by Bennett et al. (2012) . And (5) the locus significantly associated with markers A2701 and A2702 located at 520.16 cM on Chr. 1B. This locus is likely the one linked closely with the marker wPt-734314 (529.63 cM) as reported by Maccaferri et al. (2014) .
In the present study, 25 putative genes for 13 agronomic traits were homologous to those previously identified in Triticum spp., Aegilops spp., H. vulgare, and Z. mays (Table S10) . We found that the vernalization gene VRN-B1 (Fu et al., 2005) (located around the markers A45970) was significantly associated with both FD and HD. The vernalization genes vrn-B3 (Yan et al., 2006) , located around the markers A67434, was significantly associated with FD. It has been previously reported that vernalization genes are flowering repressors that are down-regulated by vernalization (Yan et al., 2004 (Yan et al., , 2006 Fu et al., 2005) . The photoperiod response genes Ppd (Keilwagen et al., 2014) and PRR (Nishida et al., 2013) were found to be near the marker A32552 for FD and HD in the present study. Photoperiod response genes commonly affect the timing of flowering in plants and are expressed in response to photoperiod (Nishida et al., 2013; Keilwagen et al., 2014) . We also identified ERF1, an ethylene response factor, related to many aspects of plant growth and development. The upregulation of ERF1 has been shown to delay flowering in tobacco (Soitamo et al., 2011) . A previous study also showed that ERF96, an orthologue of ERF1, is highly expressed in the flowers and seeds of Arabidopsis, and that transgenic plants overexpressing ERF96 exhibit smaller rosette sizes and delayed flowering (Wang et al., 2015) . We also identified dwarfing genes Rht-A and Rht-B (Gouis et al., 2012) . It has been reported that dwarfing genes Rht-B1 and Rht-D1 have no effect on flowering time (Langer et al., 2014) . Thus their role in the regulation of flowering remains unclear. Additionally, candidate genes for FD and HD, including DME-5A, Mdh4B, 116F2/115G1, Acc-1, and CKX2.5, were also identified in the present study. The significant association between the marker A32552 and several different traits (including FD, HD, SN, and FLL) indicates that the related candidate genes (including Ppd and PRR) may affect multiple agronomic traits. These results suggest that, similar to the flowering locus C gene (Huang et al., 2013) , Ppd and PRR could also play an important role in plant development after heading. Pleiotropic and multigenic effects were also observed in this study and they may be integrated properly by MAS for multi-loci pyramid breeding. The use of a diverse range of wheat landraces, which are currently being characterized, will allow for more accurate definitions of QTL signals of the complex agronomic traits analysed in this study. Moreover, the accumulation of phenotypic measures could lead to the discovery of important genetic resources for molecular breeding in this commercially valuable species. High-density markers based on DArT-seq GBS technology will permit more detailed genomic characterizations and genetic mapping to discover previously unidentified MTAs. The identification of markers significantly associated with genomic regions that control traits of agronomic interest improves our understanding of the genetic value of the individual genotypes within germplasm collections.
EXPERIMENTAL PROCEDURES
Plant material
GWAS was performed against a core panel of 723 wheat accessions, consisting of 717 landraces and six landrace-derivatives. These accessions originated from 10 CAEZs determined by the Chinese Academy of Agricultural Sciences based on wheat plant types, based on their reactions to temperature, photoperiod, moisture, and biotic and abiotic stresses, as well as growing seasons (He and Huang, 2001) . Detailed information for each accession is provided in Table S2 .
Phenotyping and data analysis
The 723 wheat accessions were evaluated in six different environments, including Ya'an (103°37 0 E, 22°42 0 N) in 2012 (Environment 1); Wenjiang (103°41 0 E, 30°36 0 N) in 2013, 2014, and 2015 (Environments 2, 3, and 4); and Chongzhou (103°39 0 E, 30°33 0 N) in 2014 and 2015 (Environments 5 and 6). All three locations are in the Sichuan province, China. Data on the 23 agronomic traits were collected for each accession in each tested environment. The traits include those related to grain morphology, maturity, plant morphology, and yield. A brief description of each trait and data scoring is presented in Table S4 .
Analyses of variance, correlation analyses, and broad-sense heritability estimations were performed using SAS 8.1 (SAS Institute Inc., Cary, NC, USA). Broad-sense heritability was defined as H = VG/(VG + VE), where VG and VE are the estimates of genetic and environmental variances, respectively (Smith et al., 1998) . To eliminate the environmental impact, the BLUP across all tested environments was carried out using the MIXED procedure in SAS (Piepho et al., 2008) . The H 0 was calculated for each trait using the BLUP values (Hutcheson, 1970; Li et al., 2015b) . Correlation analyses, principal component analyses, discriminant function analyses based on Fisher's method, and cluster analyses based on Ward's method, were subsequently conducted using BLUP data in SPSS 20.0 (IBM Corp., Armonk, NY, USA).
Genotypic analysis
Genomic DNA was extracted from a single plant for each of the accessions using the cetyltrimethylammonium bromide method (Murray and Thompson, 1980) . DNA samples with an A260/280 ratio of 1.8-2.0 and a concentration of >80 ng ll À1 were used for genotyping based on DArT-seq GBS technology (DArT P/L). The complexity reduction method was carried out using the enzymes PstI and HpaII to create a genomic representation of the 723 accessions Vikram et al., 2016) . The PstI-RE site-specific adapter was tagged with 96 different barcodes, enabling the multiplexing of a 96-well microtiter plate with equimolar amounts of amplification products, and its sequencing within a single lane on the Illumina HiSeq2000 (Illumina Inc., San Diego, CA, USA; Saint et al., 2016) . Based on the proprietary analytical pipeline developed by DArT P/L, marker data were filtered based on reproducibility (minimum threshold value of 95%), call rate (minimum threshold value of 85%), and read depth (average value of 7). Approximately 60% of the samples were assayed in duplicate to determine reproducibility. In total, 89 284 DArT-seq markers were recalled from the raw GBS data. Markers with missing values >10%, or a MAF threshold of <5%, were removed Saint et al., 2016; Vikram et al., 2016) . After filtering, 52 303 DArTseq markers were obtained and used to estimate population structure and kinship coefficients. Based on the wheat consensus map version 3.0 (http://www.diversityarrays.com/sequence-maps), 25 439 DArT-seq markers (MAF ≥ 5% and missing ≤ 10%) were mapped. The polymorphism information content (PIC) values were calculated for each DArT-seq marker using the formula
, where Pi is the proportion of the population carrying the ith allele (Botstein et al., 1980) . Population structure, kinship, and LD analysis Population structure was estimated using STRUCTURE 2.3.4 with 52 303 markers (MAF ≥5% and miss ≤ 10%), which implements the model-based Bayesian cluster analysis (Pritchard et al., 2000) . Ten runs of STRUCTURE were performed with a K between 1 and 10 using the admixture model with 100 000 replicates for burn-in and 100 000 replicates for MCMC. The optimal K-value was determined using the delta K method (Evanno et al., 2005) . Kinship among the 723 wheat accessions was estimated using 52 303 markers in TASSEL 3.0 (Bradbury et al., 2007) . The LD across the known genetic distance for each chromosome of the 723 wheat accessions was also estimated using TASSEL 3.0 with 25 439 DArT-seq markers (MAF ≥ 5% and missing ≤ 10%). The LD squared allele frequency correlation (r 2 ), which contains both mutational and recombination history, was evaluated for linked/syntenic loci (P < 0.001). The mean r 2 over different genetic distances was also calculated for the A, B and D subgenomes as well as the whole genome. The LD decay plot was generated using r 2 and the genetic map distance between markers.
GWAS for the 23 agronomic traits
GWAS was performed using the GLM and MLM incorporated with population structure and kinship coefficients in TASSEL 3.0 (Yu et al., 2006; Zhang et al., 2010) . MTAs were identified from the 52 303 markers and the data on the 23 traits collected from different environments and BLUP values. The Bonferroni-corrected P-value threshold at a = 1 was used . The P-value was 1.91 9 10 À5 (1/52 303) for the 52 303 DArT-seq markers, with a corresponding Àlog P-value of 4.72. Significant markers were visualized using a Manhattan plot, whereas important P-value distributions (expected vs. observed P-values on a Àlog 10 scale) were visualized by a quantile-quantile plot, both constructed using R 3.0.3 (http://www.r-project.org/).
Identification of candidate genes
A BLAST (Basic Local Alignment Search Tool) search was performed against the IWGSC; http://www.wheatgenome.org/) using the sequences of the significant DArT-seq markers identified by GWAS. When a DArT-seq marker sequence and a wheat contig from the IWGSC were 100% identical, the sequence was extended to 5 kb for each marker using the IWGSC BLAST results. The extended sequence was used to perform a BLAST search against the National Center for Biotechnology Information (NCBI) database (http://www.ncbi.nlm.nih.gov/) to identify flanking genes.
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